Complex models have been traditionally and increasingly used by both marketing academics and practitioners to represent and understand consumer behaviour. Thus, we firstly pose that models of consumer behaviour firms use to make their decisions must be close to what a real Marketing Management Support System should offer, in order to be of use. In this sense, rather than focusing on analysing the quality of the consumerrelated marketing phenomena represented by such models -i.e.: those theoretical issues which support their validity -, we take an in-depth look at the utility of the statistical techniques used to estimate those models theoretically proposed. Thus, we pose that the use of fuzzy systems as a knowledge discovery tool is of great interest for improving the interpretation and understanding of such consumer models. Moreover, we put forward a new application for consumer behaviour modelling, based on fuzzy association rules (FAS) for adjusting the data, as a complementary alternative to the results obtained by using the classic technique of model estimation based on Structural Equation Modelling (SEM). With this aim, a behavioural model centred on explaining consumer attitude towards Internet and trust in Internet shopping is presented, being later tested by making use of both FAS and SEM. Finally, a comparative analysis of the results is done, focusing particularly on our proposal of methodological application.
INTRODUCTION
The understanding and explanation of consumers´ behaviour patterns in a manner increasingly efficiently have been considered, by both marketing academics and practitioners, as an essential question for those firms concerned about being more competitive by performing better marketrelated decision processes. In this respect, consumer behaviour models, inasmuch as they are marketing models, are considered as a specific case of Marketing Management Support System (MkMSS), and throughout the time have demonstrated to be a source of transcendental relevance for the development of marketing science [see van Bruggen and Wierenga (2000) ].
Notwithstanding, actual models of consumer behaviour do not seem to cover all the necessities that a model which aims to aid marketing decision making should supposedly satisfy. With regard to this, based on Gatignon (2000) , future models, considering both their theoretical and technical aspects, which try to explain consumers' decision making will have to be clearly focused on users' (demand side) requirements of such models. That is to say, models must be more complete, flexible, and customized to the strategic singularities of the competitive environment which their users operate in. Thus, as the main problem that actually face firms oriented to consumer markets is not the availability of information (data), but the possession of the necessary level of knowledge to take the right decisions, the use of avant-garde behavioural models able to exploit it may represent an essential source of competitive advantage. On the other hand, it is expected that MkMSS will tend to improve their performance taking advantage of synergies caused by the integration of modelling estimation techniques based on classic econometrics with expert systems based on artificial intelligence. In this sense, considering the three pillars on which marketing modelling is based [see Steenkamp (2000) ; Roberts (2000) ], and, more specifically, consumer behaviour modelling, we focus our work on one of them -i.e.: the modelling estimation techniques and their improvement -presenting theoretically and empirically the potentials that methods of estimation based on fuzzy association rules (FAS) have for proposing and obtaining estimated models of behaviour that are more exhaustive, complex, flexible and interactive, and which offer much more quantity of qualitative information than preceding estimation techniques used in this field [Gatignon (2000) ; van Bruggen and Wierenga (2000) ]. Thus, FAS can be a plausible alternative to complement, in principle, the results obtained by using Structural Equation Modelling (SEM) techniques which have been the ones usually used in the last decades to estimate complex models of consumer behaviour based on stated responses. Furthermore, even considering the clear utility offered by SEM to test theoretical models proposed, it shows a series of limitations that could be solved by FAS estimation techniques, inasmuch as: (1) it assumes a linear relation among variables of the model, so it does not allow us to analyze nor, therefore, interpret relations among several variables when such relations are contemplated with different degrees of intensity; (2) it does not provide qualitative information regarding the relations among variables in the model; (3) it usually works with "simple" or recursive causal models, without considering possible reverse relations among variables, so parameters obtained using SEM specific statistical software (e.g.: LISREL, AMOS, etc.) will tend to be biased; and last but not least (4) estimation techniques based on SEM are useful to test theoretical proposals for a consumer behaviour model, though its utility to support marketing decisions (MkMSS) seems to be restricted by its own results derived from its process of estimation [see Laurent (2000) ; Steenkamp and Baumgartner (2000) ]. Therefore, this paper proposes the use of fuzzy systems as a knowledge discovery tool to allow marketing academics and practitioners to improve the understanding of consumer behaviour. With this aim, the paper is organized as follows. Section 2 highlights the relevance that methods based on FAS can have to help satisfy the previous idea when applied to model consumer behaviour. Thus, a methodological application is proposed based on the Cooperative Rules methodology. Section 3 describes a theoretical model of online consumer behaviour that will be used as a benchmark to show how our methodology works. Section 4 shows the results obtained by using both our application and SEM, and it treats the main implications that results arising from our application have for understanding the marketing problem posed. Finally, Section 5 highlights, from a methodological point of view, several interesting findings resulting from our application.
CONSUMER BEHAVIOR MODELING BY FUZZY ASSOCIATION RULES 2.1. INTRODUCTION TO KNOWLEDGE DISCOVERY BY FUZZY ASSOCIATION RULES
Fuzzy rule-based systems currently constitute one of the most important areas for the application of fuzzy set theory. These systems are an extension of classical rule-based systems, because they deal with fuzzy rules instead of classical logic rules. They can be considered as a knowledge extraction tool to discover intrinsic relationships contained in a data base [Freitas (2002) ]. Thus, by means of association rules (fuzzy rules in our case), we can represent the relation existing among different variables, thus deducing the patterns contained in the examined data. In knowledge discovery, the process to obtain these patterns must be automatic, or semi-automatic, discovered patterns must be comprehensible and they must provide useful information, and data must be invariably presented in substantial quantities [Witten and Frank (2000) ]. Useful patterns allow us to make non trivial predictions about new data. There are two extremes to express a pattern: as black boxes, whose internal behaviour is incomprehensible; and as white boxes, whose construction reveals the pattern structure. The difference lies in whether the generated patterns are represented with an easily examined structure, which can be used to reason and to inform of further decisions. In other words, when the patterns are structured in a comprehensible way, they will be able to help in explaining something about the data. This problem with knowledge discovery, the interpretability-accuracy trade-off, is also being currently tackled in fuzzy modelling [Casillas et al. (2003a ] and will be considered by our proposal. The use of fuzzy systems when developing the knowledge discovery process has certain advantages, as follows: they allow us to use uncertainty data; they adequately consider multi-variable relationships; results are easily understandable by a human being; additional information can be easily added by an expert; the accuracy degrees can be easily adapted to the problem necessity; and the process can be highly automatic with low human intervention. Therefore, we will use fuzzy logic as a tool to structure the information of a consumer behaviour model in a clear legible way that is close to the human being reasoning. The fuzzy system will allow us to properly represent the interdependence of variables and the non-linear relationships that could exist among them. Finally, optimization algorithms will design the fuzzy system to meet the interpretability and accuracy criteria imposed by the expert. The section below introduces the methodology followed for applying fuzzy systems to consumer behaviour modelling and a brief description of the specific fuzzy system learning method used in this paper.
METHODOLOGY FOR CONSUMER BEHAVIOUR MODELLING WITH FUZZY ASSOCIATION RULES
This section introduces the process we propose to perform knowledge discovery by fuzzy association rules. Basically, it consists of preparing the data and establishing the scheme we follow to represent the knowledge existing in the data. Once these aspects are defined, a specific learning method is used to automatically design the fuzzy association rule system. The process is the following:
• Data collection: as traditionally done in marketing, it is extracted by means of a questionnaire in a similar way to the models estimated by structural equation modelling.
• Data processing: it is necessary to adapt the collected data to a scheme that is easily tractable by fuzzy system learning methods. Thus, when more than one item is used to asses the same concept, the arithmetic mean value is used.
• Representation: fuzzy association rules are used to represent the relationships between the variables. Once the structural model is fixed by the marketing expert, a fuzzy rule base is used to relate input with output variables. For example, given the following structural model defined by three latent variables; i.e.: (1) COGAD: cognitive valuations of a certain ad, (2) ATTAVSING: overall opinion about advertising, (3) ATTAD: overall opinion about a certain ad (see Figure 1 ).
Figure 1: Example of a structural model
We use the variables COGADD and ATTAVSING as inputs (antecedent) and ATTAD as output (consequent), producing rules such as the following:
IF COGADD is high and ATTAVSING is low THEN ATTAD is medium
Regarding the membership functions, the numerical scale used in the questionnaire has been translated to a fuzzy semantic as the following example shows (Figure 2 ) for 3 linguistic terms and a 1 to 7 rating scale: Although some tuning methods have been proposed in the literature to automatically design the membership functions [Karr (1991) ], we think that it should be maintained invariable in order to get the maximum interpretability, a very important issue in knowledge discovery.
• Learning method: One of the most interesting characteristics of our methodology is that any fuzzy rule learning method for fuzzy rule-based systems can be used as an optimization/design process. In any case, since we force the obtained fuzzy system to be very rigid due to the fact that the membership functions are not optimized, a sophisticated fuzzy rule learning method should be used. In this paper we propose to use a simple and quick method that has proved to obtain good results in fuzzy modelling, maintaining a high interpretability of the derived fuzzy models: the method COR (cooperative rules) [Casillas et al. (2002) combinatorial search is performed among these sets looking for the combination of rules with the best global accuracy. In this paper, we also include an enhancement to the original proposal to allow it to eliminate badly defined and conflicting rules with the aim of improving the interpretability (less number of rules) and the accuracy (better cooperation among rules). A wider description of the COR-based rule generation process including the fuzzy rule set reduction mechanism is shown in figure 3 . Moreover, a graphical representation of its behaviour is depicted in figure 4 . We use a specific ant colony optimization algorithm as the optimization technique. For a deeper description of the COR methodology and the use of this optimization technique, refer to Casillas et al. (2003c) .
AN ONLINE CONSUMER BEHAVIOUR MODEL FOR EXPLAINING ATTITUDE TOWARDS INTERNET AND TRUST IN INTERNET SHOPPING
First of all, it should be noted that our main aim in this paper will not be focused so much on clarifying problems related with the online consumer behaviour model presented here, as on treating in depth those questions associated with the results provided by our application in comparison with the others usually used, which are based on SEM. Therefore, theoretical issues of this model, as well as those methodological aspects related to the survey applied to obtain the data, are synthetically presented. The specific literature review in this section concludes the need to develop a specific theoretical framework to better understand consumer behaviour in virtual surroundings. Thus, our model hopes to contribute towards the previous literature by concentrating on the study of certain internal determinants of consumer (real or potential) behaviour on the Internet and on the relationship of consumers with the phenomenon of Internet-based eshopping.
Inputs:
. . , N}, N being the data set size, and n (m) being the number of input (output) variables -representing the behavior of the problem being solved.
• A fuzzy partition of the variable spaces. Uniformly distributed fuzzy sets are regarded.
Let Ai be the set of linguistic terms of the i-th input variable, with i ∈ {1, . . . , n}, and Bj be the set of linguistic terms of the j-th output variable, with j ∈ {1, . . . , m}, with |Ai| (|Bj|) being the number of labels of the i-th (j-th) input (output) variable.
Algorithm:
1. Search space construction:
Define the fuzzy input subspaces containing positive examples:
To do so, we should define the positive example set (E + (Ss)) for each fuzzy input subspace
|Ai| being the number of fuzzy input subspaces. In this paper, we use the following: 
Generate the set of candidate rules in each subspace with positive examples:
Firstly, the candidate consequent set associated with each subspace containing at least an example, Sh ∈ S + , is defined. In this paper, we use the following:
Then, the candidate rule set for each subspace is defined as
and ... and Ym is
In order to allow COR methodology to reduce the initial number for fuzzy rules, the special element R ∅ (which means "do not care") is added to each candidate rule set, i.e., CR(Sh) = CR(Sh) ∪ R ∅ . If this element is selected, no rules are used in the corresponding fuzzy input subspace.
Selection of the most cooperative fuzzy rule set -This stage is performed by run-
ning a combinatorial search algorithm to look for the combination RB = {R1 ∈ CR(S1), . . . , Rh ∈ CR(Sh), . . . , R |S + | ∈ CR(S |S + | )} with the best accuracy. Since the tackled search space is usually large, approximate search techniques are used. An index measuring the cooperation degree of the encoded rule set is considered to evaluate the quality of each solution. In our case, the algorithm uses a global error function called mean square error (MSE), which is defined as
being the output obtained from the fuzzy system when the example el is used, and y l being the known desired output. The closer to zero the measure, the higher the global performance and, thus, the better the rule cooperation. Step 1: Search space construction
Step 2: Selection of the most cooperative rule set In this sense, it should be noted, on the one hand, that knowledge regarding consumer opinions, beliefs and attitudes with respect to a specific object is essential for understanding consumer behaviour towards said object [see, as e.g., Schiffman & Kanuk (1997) ]. On the other hand, and with reference to the phenomenon we are dealing with here, users' attitudes as regards certain aspects of the Internet greatly determine their cyber-behaviour [Hoffman, Novak & Peralta (1998) ]. Within this context, our model concentrates on the users' general attitude towards Internet and on analysing its influence on the trust consumers have in using it as a way to shop, contributing towards amplifying on the numerous previous studies that look at analysing user attitudes towards a firm's web page and its effects on the trust and purchase intentions consumers might have in such a website [Chen & Wells (1999) ; Jarvenpaa & Tractinsky (1999) ; Cheskin Research and Studio Archetype/Sapient (1999); Lin & Lu (2001) ].
THEORETICAL SPECIFICATIONS OF THE MODEL AND RESEARCH HYPOTHESES
The model we have put forward for the process of formation of consumer attitudes towards Internet is based on the ABC (Affect, Behaviour and Cognition) attitude model and on the cognitive-affective process of the hierarchy-of-effect model (see Figure 5 ). Thus, we maintain that a user will develop a series of opinions or beliefs (cognition) regarding the various attributes or characteristics of Internet that will determine, at least in part, his overall attitude towards the medium (affect). Furthermore, this general attitude will determine his attitude in terms of certain behavioural aspects related to its object. More specifically, it is to be expected that this general feeling influences consumer trust in Internet shopping. In consequence, our proposal is based on the following constructs: This issue covers the cognitive element of the model, and we define it as the cognitive opinions or responses of the user as regards certain attributes pertaining to Internet and the Web. In this sense, the fact that there is very little literature on this topic made the determination of the basic attributes rather difficult, so we decided to use other prior studies on the factors that determine a consumer's evaluation of a web page and on how the image of a virtual establishment is formed [Crawford and Shern (1998); Farquhar et al. (1998) ; Lohse & Spiller (1999); Helander et al. (2000) ], on the understanding that, in our case, the object of the attitude was not that of a specific web page but, rather, that of Internet in general. Specifically, the model we have put forward considers the following beliefs, briefly presented: Formal aspects are related to the consumer's conceptions regarding the design and structure of the Internet information and, more precisely, of the Web. Thus, based on and expanding on Montoya-Weiss, Voss & Grewal's (2003) reflection, which focuses on analyzing the influence of the consumer's design assessment towards a certain web site in subsequent evaluations related to a particular online channel, it is expected that consumers will tend to have a higher overall evaluation of the Internet inasmuch as they better perceive those issues concerning design on the Web. Hypothesis 1: There is a positive relationship between the consumer's perceptions of formal aspects and his overall attitude towards Internet
Interaction Speed/Time of Response is defined as the Internet's capacity in general, and of different web-sites in particular, to give a response when required, in a similar way to the response that an individual may receive when holding a conversation with another (Shih 1998) . In this sense, Lin and Lu (2000) note that response time is the most important factor in the development of the user's beliefs towards a specific web-site. Thus, if we broaden this relation to the Internet in general (the Web), we can assume that the consumer's perception with regard to the medium's time of response will have a certain influence on the rest of the valuations and opinions about other aspects of the network (the Net), especially on the overall evaluation toward the Internet as a means of communication.
Hypothesis 2: There is a positive relation between the consumer's perceptions about interaction speed/time of response and his overall attitude towards Internet.
Information updates is related to the consumer's perceptions of content updating of web pages on Internet. In this sense, it is plausible to think that consumers will tend to show better opinions with regard to the Internet inasmuch as they perceive that, in general, information contained on web pages is up-to-date.
Hypothesis 3:
There is a positive relation between the consumer's beliefs towards updating of the contents on the Internet and his overall attitude towards this medium.
Privacy is related to the user's perceptions as regards respect for intimacy when surfing. In this sense, considering the growing relevance that all matters related with consumer privacy have taken on since the nineties, the Internet has been the most criticized medium with regard to its potential to invade a consumer's intimacy (see, e.g., Bartel & Grubbs 2000; Richards 1997; Rust, Kannan & Peng 2002) Hypothesis 4: There is a negative relationship between the consumer's perceptions of invasion of his privacy when navigating and his overall attitude towards Internet.
General attitude towards Internet.
This concept forms the model's affective element in our study and is defined as, adapting the ideas from previous studies (e.g., Ajzen & Fishbein 1980; Oskamp 1991; Schiffman & Kanuk 1997; Solomon 1997) , the general or global evaluation that the consumer has of this communication medium. It should be highlighted that consideration of this variable is necessary in any study which endeavours to understand consumer behaviour in the marketplace because, as stated by Hoffman, Novak & Peralta (1999) , said attitudes will be determinants of the user's cyber-behaviour.
Trust in Internet shopping
This concept covers the consumer's general perception regarding the credibility of the messages firms send over the Internet and their will to respect commitments reached with the users. Numerous studies have highlighted the particular influence the trust in virtual establishments has on consumers' purchase decisions [Hoffman, Novak & Peralta (1998) Thus, based on the above, we think that the consumer's overall evaluation toward the Internet communication medium, in that it gathers the opinion towards this public electronic infrastructure which supports his online commercial exchanges, should have a direct influence on trust in Internet shopping. Hypothesis 5: There is a positive relationship between the consumer's overall attitude towards Internet and his trust in Internet shopping.
SURVEY RESEARCH METHODOLOGY
With regard to the methodological aspects related with this study:
• Sample and sampling procedure: the population targeted by our study was defined as being made up of university students, habitual Internet users, from Spain. The study sample was obtained using a nonprobability sampling procedure (convenience sample). After purifying the completed questionnaires, the final sample consisted of 529 individuals.
• Survey measures: The measuring instruments used in the questionnaire to asses the study variables on the sample of Internet users were consumer rating scales and differential 7-point semantic scales (from 1 to 7). • Construct measurements: Table 1 shows the measurements taken for each of the previously described constructs. 
APPLICATION OF OUR METHODOLOGICAL APPLICATION TO THE PROPOSED MODEL
As we noted previously, SEM has been the habitual statistical method used to estimate complex models of consumer behaviour like ours. Thus, before applying our methodological approach to modelling estimation based on FAS, we consider it rather convenient to briefly present the main results that would have been obtained, in this case using SEM. Following this, the results obtained by our methodological approach and their analysis are introduced.
RESULTS WITH STRUCTURAL EQUATION MODELLING
Estimating the proposed model by SEM was tackled using the Weighted Least Squares (WLS) method (LISREL software), which allows us to obtain asymptotically distribution-free estimates and, therefore, does not require the fulfilling of the multi-variate normality assumption. The goodness-of-fit indices resulting from the model's estimation suggest that it represents quite well the real relationships existing between its variables. All these indices obtain values that fall within the generally-accepted limits (see Table 2 ) On the other hand, the results presented in Table 3 allow us to individually test the statistical significance of the different relations established previously in the hypotheses formulation section, as well as the degree of variance of the model's endogenous latent variables (GENATT and TRUSTSHOP) explained by their antecedents (R 2 ). Thus, the whole part of the structural parameters in the model is significantly different to zero, and so the hypotheses have not been rejected, with the exception of the non significant relation BLFUPT -GENATT (hypothesis 3). Furthermore, we verified that the exogenous latent variables accounted for 40% of the variance in general attitudes towards Internet (GENATT), which, in turn, were responsible for 20% of the variance referring to trust in Internet as a way to shop (TRUSHOP). We should also note that two reverse items belonging to BLFSPE were transformed so that all three have the same sense. 
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Therefore, this estimation technique has given us information about both the significant relations and the degree of intensity and sense of the relation. For example, as we hypothesized, BLFFOR and BLFSPE have a positive linear relation with GENATT, BLFFOR also being the most influential factor in GENATT (parameter estimate of 0.61), while BLFPRI presents a weaker negative relation with regard to that endogenous variable.
RESULTS WITH OUR METHODOLOGICAL APPLICATION
However, the application we propose in this paper is able to enrich the previous results obtained by SEM techniques of estimation, allowing us to gain better knowledge about the effects of latent variables jointly considered, as well as a better notion of the behaviour of the relations among latent variables, simplifying and considering them in a isolated (bivariable relation) manner.
In this sense, after applying our methodological approach based on FAS to adjust the data, and previously transforming the marketing scales initially considered to a logical language (linguistic terms), we have obtained the following fuzzy rule set presented in three tables. Firstly, we focus on GENATT as the consequent and on its behaviour in terms of its four antecedents. So, in Table 4 , where a total of 26 rules are shown (this reduced number of rules was determined by the COR method after applying search space and fuzzy rule reduction processes), it can be seen the joint effects caused by the four antecedents -each defined by three linguistic labels, i.e.: small (S), medium (M), large (L)-of GENATTdefined by five linguistic labels, i.e.: very small (VS) , small (S) , medium (M), large (L), and very large (VL)-considered in our model, while in Table 5 we can see the system of rules achieved for the bivariable relations between GENATT and its four antecedents (the linguistic terms used in this case have been defined by five for both antecedents and consequent). Lastly, in Table 6 , the system of rules obtained for the bivariable relation GENATT-TRUSTSHOP is shown (both defined by five linguistic labels).
Each table also shows the mean square error (MSE) obtained by each fuzzy association rule set over the treated data. MSE is defined as:
with being the output obtained from the fuzzy system when the example data is used, and being the known desired output. The closer to zero the measure is, the higher the global performance and, thus, the better the rule cooperation. Table 6 : System of rules for TRUTSHOP
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ANALYSIS OF THE RESULTS OBTAINED WITH OUR METHODOLOGICAL PROPOSAL
With the aim of analyzing and interpreting these results, if we follow common practice in marketing modelling testing, we should take a look at the bivariable relations integrating the model (see table 5 ). Thus, even when we are conscious of both, this approach, on the one hand, underuses the potentials of our application and, on the other, it is not definitely correct due to the fact that, in an isolated relation, variations of the consequent are not solely explained by alterations in certain antecedents, since there are other influencing factors, we consider it can be useful to obtain an initial idea about variable relationships which can aid to clarify the overall results obtained for variables (antecedents and consequent) taken together. Thus, BLFFOR presents the highest variety of results for the consequent since GENATT shows very low values when beliefs towards formal aspects of the Internet are the lowest, and improves incredibly in that BLFFOR takes values of small or higher. In this sense, it is interesting to note that, as this does not occur with the rest of the antecedents, the consequent GENATT takes the lowest value only when BLFFOR is very small. Furthermore, it should be noted that, as can be seen by observing the graphical representation obtained by combining the system of rules for both variables, it does not look as if a linear relation between such variables fits with real data distribution. The remaining antecedents do not appear to have such a strong influence as previously mentioned, since GENATT maintains the same good valuation (large), regardless of any modification in their values. Furthermore, their influence on the overall opinion as regards Internet is almost non significant, since variations in them do not cause modifications in the consequent. However, we have perceived that a reaction by GENATT exists when these three factors take certain specific values. In this sense, GENATT takes the highest value (very large) when BLFUPT is at its highest level or when BLFPRI is at its lowest. Furthermore, BLFUPT and BLFPRI have a very similar influence on GENATT if we bear in mind that the former is formulated positively and the latter negatively (invasion of privacy), with the exception, and this is interesting to note, that our application has not considered that there is an L (large) label for BLFPRI (when considering five linguistic labels). Finally, considering the antecedent BLFSPE, GENATT only changes its constant acceptable position of the good value L (large) to the excellent value of VL (very large) when BLFSPE takes the value of L (large). On the other hand, taking into account the partial model of GENATT and its antecedents as a whole (Table 4) , along with the previous results obtained from Table 5 , the following main findings should be highlighted:
• Factors BLFFOR and BLFPRI, particularly the former, are the two that really present the potential to considerably discriminate or influence the consequent GENATT. In this sense, it can be observed how high beliefs (Large label) regarding formal aspects are determinant for overall opinion towards the Internet to take the highest value (Very Large label)
regardless of the values shown by the rest of the factors. Thus, examining the system of rules obtained when BLFOR is the highest, it can be seen that, from a total of ten, nine confirm this idea. However, the influence of BLFOR is not so clear when taking intermediate (Medium label) or low (Small label) values. In these cases, the other factors play a more important role as moderators of GENATT.
On the other hand, the factor BLFPRI seems to be more decisive in determining a higher range of values of the consequent GENATT to the extent that, when it is at its lowest (Small label), GENATT usually shows the highest (Very Large label), and when it is in an intermediate position, GENATT is good (Large label) for most of the rules obtained (seven out of nine). In turn, when the user's perception regarding privacy invasion is the highest (Large label), the determining power of BLFPRI over GENATT is not so strong, the consequent being mainly moderated by the values taken by the other three factors.
• Unlike the two previous factors, BLFSPE and BLFUPT do not appear to have such a strong effect on determining GENATT by themselves. In this respect, their influence is weaker than the others and differs when considering their range of values, their role being limited to moderate GENATT in certain combination of values of BLFFOR and BLFPRI (e.g.: rule 17 and 26).
• The great majority of rules seem to confirm the relations hypothesised between the antecedents and consequent GENATT. In this sense, for example, if we take rules 1 and 26, which coincide with the two possible extreme cases for determining GENATT, the former being defined by the best beliefs that the four factors considered can present, and vice versa for the latter, such an endogenous dependent variable takes the best and the worst value. Notwithstanding, we have found certain rules where the effects produced by combinations of values of the four factors do not seem to have a correspondence with the value that, in theory, GENATT should have taken, considering the significant sense of the relationships tested statistically using, firstly, LISREL and then our application. Could it be, therefore, that the results of our FAS-based application are inconsistent? The relations shown by several rules certainly seem to be apparently contradictory, and so a deeper analysis of this is necessary in order to clarify the matter.
In Table 7 , several pairs of contradictory rules extracted from table 4 are shown. Furthermore, we reflect on both the expected value that the consequent GENATT should have taken according to previous results and the consistency of the rules system obtained by our application, analysing the behaviour of MSE associated with the model when modifying the consequent label in terms of such an expectation. The first contradiction comes from matching rules 7 and 8. To the extent that a negative relation has been detected between BLFPRI and GENATT, it is expected that, caeteris paribus, a reduction in BLFPRI will cause an improvement in GENATT or, at least, invariability in such a consequent if the degree of variation of BLFPRI is not enough to cause changes. However, our application has observed that paradoxical situation in rule 8. Under these circumstances, we consider that if a modification in the consequent (expected rule), adjusting it to its expected value, is able to reduce the MSE of the model, then it would be a sign that a modification of the rules system done according to what was expected fits in better with the observed patterns of data. Otherwise, the initial solution would be more appropriate. In this sense, it can be seen that the MSE of the partial model increases with this modification. The same occurs for the other contradictory pairs of rules found, where the MSE variation has depended on the degree of modification considered for the consequent. Furthermore, it can be concluded, in this respect, that the contradictory effects shown by those pairs of rules in GENATT were just apparent, and that the results are not due to a localised optimum fall of the search algorithm, since better accuracy degrees are obtained with the apparent contradictions. A plausible argument to explain this is that of freeing this application presented here from responsibilities and making a deficient specification of the theoretical marketing model responsible for this. Due to this fact, other relevant factors not considered explicitly in our conceptual model, which can also influence GENATT, would be the answer to contradictions found in our system of rules. Finally, with respect to TRUSTSHOP -the other endogenous latent variable of the proposed behavioural model-table 6 shows the results after applying our algorithm of approximation (Five linguistic terms have been used for both variables). In this sense, initially considering that users of our sample do not really show a considerable trust in Internet shopping, the pattern of the relation between both variables does not present a linear behaviour. Thus, GENATT seems to be an influential factor in TRUSTSHOP, as the former causes a gradual improvement in its consequent when overall opinion towards Internet increases from low to intermediate positions. However, GENATT is not influential when taking intermediate or higher values to the extent that TRUSTSHOP maintains a moderate position.
IMPLICATIONS OF THE PREVIOUS RESULTS BASED ON THE PROPOSED APPLICATION FOR EXPLAINING THE ONLINE CONSUMER BEHAVIOUR MODEL
Results from using our application allow us to confirm that, on the one hand, the different beliefs towards the Internet contemplated here have a significant influence on the user's general opinion towards the Internet, though their influential power and intensity differ depending on both the factor and the value taken by each of them. On the other hand, attitude towards the Internet has also been a significant factor to determine the user's trust in Internet shopping, though a similar reflection could be made on its degree of influence according to the value it takes. Thus, opinion about formal aspects of the Internet and web sites has been the most relevant belief to discriminate values taken by the overall attitude towards the Internet. This can be seen more clearly when considering the relation between both in an isolated way. Furthermore, high opinions about formal aspects usually ensure very good attitudes towards the Internet. In other words, when users present the highest opinion about this factor, the remaining beliefs do not seem to be particularly influential. Online businesses should, therefore, take this aspect well into account, since, using a parallel thought, it will have a considerable effect on the user's affective response toward their website. Nonetheless, this factor's degree of influence is not so clear when it has an intermediate or low presence. With regard to the belief of an invasion of privacy when surfing the web, this does not show a constant degree of influence on general opinion towards the Internet either. It seems to be more influential when it takes low or intermediate values. Thus, the creation of an online environment able to highly respect the user's privacy will also generate good affective responses to a certain website, in that this issue has proved to be more influential when well valued. Beliefs towards interaction speed, bearing in mind that our sample of users did not really show positive perceptions of this, since the majority of individuals value it on an intermediate or bad level, have a residual influence on attitude towards the Internet. This fact is contradictory with ideas defended by Lin and Lu (2000) when highlighting that this factor is the most influential for the development of the user's beliefs towards a certain web site. On the other hand, a similar influence has been found for the case of beliefs towards content updating of websites. Thus, even when both of these aforementioned factors do not transcendentally determine the formation of the overall opinion towards the Internet, we have found certain cases where, when the influence of the formal aspects and invasion of privacy factors is not so clear, one or other of said factors can moderate the value of the dependent variable. Finally, primarily considering that the user population still shows certain reserves toward becoming involved in Internet shopping, apparent when observing the overall level of trust, overall attitude towards the Internet seems to be an important variable to generate trust up to a certain point, but beyond that point, this variable does not discriminate such a trust. In this respect, attitude towards the Internet does not improve trust in Internet shopping when taking the former values from the intermediate to the highest level. Therefore, the main problem should be focused on thinking about why the current situation occurs and how to generate higher levels of consumer trust.
CONCLUDING REMARKS
As pointed out in the initial section concerning the motivation of this work, a tool for estimating a proposed consumer behaviour model should not only be useful for testing a set of theoretical relationships which form such a model, but it must also be able to help the marketing management function obtain a good perspective of certain marketing problems and take the right decisions.
With that aim, we have empirically tested the theoretical relations of our model using both SEM and FAS, and so several conclusions can be drawn when comparing them. On the one hand, when using SEM we obtain results that allow us to know how well the model fits the data as well as revealing what the significant relations are. Furthermore, we achieve different coefficients (parameters) that give us information about the sense and intensity of the relation. However, after applying our methodological proposal we have confirmed some previous ideas. In this sense, when real relations between variables are not linear, parameters resulting from SEM are deficient in terms of really explaining and giving information about how a certain variable (antecedent) influences another (consequent). It is not correct to consider that a linear coefficient of the relation with the dependent variable remains the same for all the values that the antecedent may take. Therefore, our application allows the user's model (e.g.: a marketing manager) to know what the exact behaviour is of the relations among variables for a certain market situation. Results from this application are rather more useful than SEM results for helping MkMSS, to the extent that, not only does it allow the model proposed to be tested, but it is also able to give in-depth qualitative information about the relations according to the degree of intensity of the antecedents. On the other hand, SEM results can show, as is the case for BLFUPT-GENATT in our example model, that a relation is not statistically significant, while results from our application indicate that such a factor can be decisive in moderating the consequent in certain cases. Thus, a linear approximation to estimate a complex model of consumer behaviour, though helpful, could be too simplistic to give a true perspective of the relations. Furthermore, a case for future treatment is that of why some factors are statistically significant antecedents and not others, based on SEM results, if when we look at the results from our application it can be seen that they present a similar relational pattern with the consequent. This could be due to the inherent philosophy of adjusting to the data which SEM is based on.
In conclusion, though more exhaustive work is needed to purify the potentials of our application for the consumer marketing modelling issue, based on the results presented here it can be said that our application is able to give higher qualitative information about how the relations among variables behave. Thus, in principle, it is quite convenient to make use of this kind of approximation to explain relations in a complex model of consumer behaviour as a complement to the classic SEM-based techniques used up until now.
